The pennate diatom Phaeodactylum tricornutum is a model organism able to synthesise industrially-22 relevant molecules. Large-scale monocultures are prone to bio-contamination, however, little is 23 known about the identity of the invading organisms. To gain insight into the bacterial community 24 associated with diatoms, we translated the complexity of a natural system into reproducible 25 experiments where we investigated the microbiome of P. tricornutum cultures. The results revealed a 26 dynamic bacterial community that changed over time and in differing media conditions. We propose 27 a network of putative interactions between P. tricornutum and the main bacterial factions, which is 28 translated into a set of ordinary differential equations constituting a computational dynamic model. 29 The proposed mathematical model is able to capture the population dynamics, further supporting the 30 hypothesised interactions. The interdisciplinary approach implemented provides a framework for 31 understanding the dynamics of diatom-associated microbial communities, and provides a foundation 32 for further systematic investigations of host-microbe interactions. 33 oval, fusiform, and triradiate cells, as well as its poorly silicified cell wall, have triggered a tremendous 45 increase in scientific research on P. tricornutum. The genome sequencing of P. tricornutum was 46 completed in 2008, and the subsequent generation of expressed sequence tag (ESTs) databases make 47
Introduction 34
Phaeodactylum tricornutum is a diatom first described by Bohlin in 1897 when he found it in samples 35 collected off the coast of Plymouth, United Kingdom. Diatoms belong to the Phylum Heterokontophyta 36 and the Class Bacillariophyceae (Dangeard, 1933) . They are the result of a secondary endosymbiotic 37 event that took place around one billion years ago between a red alga (Rhodophyta) and a 38 heterotrophic eukaryote (Bhattacharya et al., 2007) . Unlike most diatoms, which have the distinct 39 ability to precipitate soluble silicic acid to form a silica cell wall, P. tricornutum has a poorly silicified 40 cell wall and therefore does not have an obligate requirement for silicic acid (Montsant et al., 2005; 41 Martino et al., 2007) . P. tricornutum is found in coastal regions such as rock pools and estuaries where 42 aquatic environmental parameters (salinity, temperature) vary greatly as a consequence of tidal 43 changes and solar irradiation (Martino et al., 2011) . Its habitual characteristics, peculiar ability to form 44 unless the desired species is a halophile or thermophile (Parmar et al., 2011) , it is hard to maintain 71 monocultures. Irrespective of the cultivation method, the establishment of unwanted organisms such 72 as amoeba, ciliates, rotifers, bacteria, viruses, and other photosynthetic organisms in microalgal 73 cultures, is a serious obstacle for large-scale microalgae cultivation (Day et al., 2012; Wang et al., 74 2013) . Although much research is carried out in the field of microalgal culture upscaling, very little is 75 known about the identity and characteristics of these invading organisms, responsible for microalgal 76 culture 'crashes' which lead to loss of biomass, and therefore, loss of revenue. 77
The establishment of non-target organisms in microalgal cultures should not come as a surprise. 78
Microalgae are not found in monoculture in nature and imposing such an environment is 79 counterintuitive leading to unstable cultures. Rather than looking at these organisms as contaminants, 80 understanding them could allow for the exploration of 'synthetic ecology' as a novel scaling up 81 technique, a concept proposed by Kazamia et al., 2012 . The cornerstone of synthetic ecology is the 82 Competitive Exclusion Principle, or Gause's Law, which states 'as a result of competition two species 83 scarcely ever occupy similar niches, but displace each other in such a manner that each takes 84 possession of certain peculiar kinds of food and modes of life in which it has an advantage over its 85 competitor' (Gause, 1934; Hardin, 1960) . By 'synthesising' a community of organisms that fills every 86 niche in the ecosystem (i.e. the microalgal culture) supporting the growth of the desired microalgae, 87
we prevent the establishment of other, potentially harmful organisms in the culture, and optimise the 88 utilisation of nutrients (Kazamia et al., 2012) . 89
In order for synthetic ecology to be a legitimate contender as a novel scaling up technique, greater 90 understanding of species-specific interactions is required. Bacteria are present in all of the Earths' 91 biomes (Dykhuizen, 1998) , and insight into the microorganisms (plankton) inhabiting our oceans was 92 greatly improved by the three-year study abroad the schooner Tara. In May 2015, Sunagawa et al. 93 published the metagenomics data from 243 samples collected from 68 unique locations during the 94 Tara expedition. The data showed that 58.8% of the sequences belonged to bacteria, even though 95 bacterial densities (10 5 to 10 6 per gram of seawater) in our oceans are orders of magnitudes less than 96 those found in sediments (10 8 cells per gram), humans (10 14 cells per gram), or soil (10 9 cells per gram) 97 (Whitman et al., 1998; Amin et al., 2012) . The data generated by the Tara project shows the sheer 98 amplitude of genetic material belonging to bacteria, coupled with their co-existence with diatoms for 99 more than 200 million years (Amin et al., 2012) , fuelled our interest in the microbiome of diatom 100
cultures. Furthermore, in 1958, Provasoli suggested that bacteria can enhance the growth of algae 101 (Provasoli, 1958) . In the subsequent decades, species-specific studies have further corroborated his tricornutum cultures we can start to identify and characterise those that may have a beneficial role in 115 the cultures. Subsequently, a suitable candidate to fill a certain niche in the hypothetical synthetic 116 ecosystem could be chosen. 117
Results

118
In order to translate the complexity of a natural system into a reproducible, systematic experimental 119 approach, batch cultures of Phaeodactylum tricornutum (CCAP 1052/1B) were cultivated in two media 120 conditions; (1) complete F/2 medium with the addition of sodium metasilicate as the source of silicon, 121 and (2) minimal media with a source of nitrogen (NaNO3) and phosphorus (NaH2PO4.2H2O) at the same 122 concentration as in the F/2 medium recipe. All P. tricornutum cultures were obtained from the Culture 123
Collection of Algae and Protozoa (CCAP) based in Oban, Scotland (http://www.ccap.ac.uk/our-124 cultures.htm). All cultures are obtained non-axenic. Samples were taken at different stages of growth 125 and subsequent barcoded 16S-V6-Next Generation Sequencing carried out. After the implementation 126 of a stringent bioinformatics approach, the identity and abundance of the bacteria present in P. 127 tricornutum cultures was revealed. The in the temporal evolution of the relative abundances of 128 bacteria were used to infer a network of interactions between the diatom and the four dominant 129 bacteria families, which was then translated into a mathematical model reproducing the community 130 dynamics. 131
Characteristics of Phaeodactylum tricornutum culture growth 132
The media composition was shown to have a significant effect on the growth characteristics of P. 133 tricornutum. A significant difference (p=0.042, unpaired Wilcoxon signed rank) in the maximal cell 134 density when P. tricornutum is cultivated in complete (9.3 x 10 6 cells/mL) or minimal media (11.2 x 10 6 135 cells/mL) was observed. The growth rates during the exponential phase in both cultures were μcomplete 136 = 0.43 ± 0.07 d -1 and μminimal = 0.51 ± 0.04 d -1 respectively. In contrast, the death rates when the cultures 137 'crash' are δcomplete = 0.09 ± 0.02 d -1 and δminimal = 0.08 ± 0.04 d -1 respectively. 138
Bacterial community profile of Phaeodactylum tricornutum cultures 139
In order to identify the bacteria present in the P. tricornutum cultures, the Ion Torrent™ barcoded 140 Next Generation Sequencing protocol was used to sequence the bacterial gDNA (Quail et al., 2012; 141 Grada and Weinbrecht, 2013). The subsequent 16S rRNA gene sequences were clustered to defined 142
Operational Taxonomic Units (OTUs) using a threshold of ≥97% sequence identity, most of which could 143 be assigned to the genera level (Supplementary Figure S2 ). Of the 9727 OTUs identified, 8109 144 corresponded to known sequences in the SILVA database (v.118) (Quast et al., 2013) . The OTU 145 abundance at the phylum level showed that 99.97% of all OTUs belonged to Proteobacteria, 146 Bacteroidetes, Actinobacteria and Firmicutes (Figure 1) . A comparison of the number of individual 147 reads to the number of unique OTUs showed that the high number of reads per phyla is not the result 148 of a single OTU (Supplementary Figure S3 ). OTUs with hits to known 16S P. tricornutum sequences 149 were discarded. 150 To compare the species composition between the different samples (days/media) we used a non-168 metric multidimensional scaling (NMDS) function based on generalised UniFrac distances (Chen et al., 169 2012) . We observed a clear divergence in the bacterial community in the two media conditions. 170
Ordination based on the sampling day indicated that the bacterial community was dynamic with a 171 clear divergence visible between Day 1 and the other three sampling days. Day 15 and 22 showed a 172 slight overlap ( Figure 2 ). An adapted version of PermanovaG was used to carry out permutational 173 multivariate analysis of variance using multiple distance matrices which were previously calculated 174 based on the generalised UniFrac distance (Chen et al., 2012) . The significance for the test was 175 assessed by 5000 permutations. The results of the PermanovaG tests support the NMDS ordination, 176 confirming a statistically significant effect in the bacterial community profile at the different sampling 177 points and in the two media conditions whereas no significant effect was found in the experimental 178 replicates (Supplementary Figure S5 
199
Effect of temporal evolution and media composition on the bacterial community profile 200
We compared the bacterial community profiles over time and in the different media conditions at the 201 family level so as to avoid diluting the signal of the less abundant genera. Supplementary Figure S6  202 shows no dynamical difference within the genera that cannot be observed at the family level. By 203 investigating the bacterial community dynamics at the family level, we also include taxonomical 204 information that is unavailable at the genus level. Alteromonadaceae species take over (55%). 224
The bacterial communities within the two media conditions on Day 1 are more closely related than 225 the communities on days 8 and 15 (see Table S2 for generalised UniFrac distances). As the cultures 226 begin to 'crash' (Day 22), the bacterial communities in the two media conditions increase in similarity 227
again. 228
In general, the main families identified show a distinct pattern of disappearance and regeneration 229 within the bacterial community. In the complete media, Pseudoalteromonadaceae species start at 230 63% (Day 1), drops in abundance to 7% (Day 8) then recovers to 57% (Day 22). Flavobacteriaceae 231 species, in complete media, start at 4.5% (Day 1), increases in abundance to 50% (Day 8), and then 232 falls back to 8% (Day 22). In the minimal media, Alteromonadaceae species have an abundance of only 233 1% (Day 1), peaks at 55% (Day 15), and decreases down to 18% (Day 22). 234
Mathematical model 235
The dynamic changes of the bacterial communities associated with P. tricornutum at different growth 236 stages led us to the formulation of a network of bacteria -diatom interactions. In order to test its 237 plausibility, we developed a qualitative mathematical model starting from few key assumptions about 238 nutrients availability and metabolite exchange between the organisms involved, i.e. P. tricornutum 239 and general representatives of the four most abundant bacteria families Pseudoalteromonadaceae, 240
Alteromonadaceae, Flavobacteriaceae and Pseudomonadaceae. 241
In Figure 3A In nature, Phaeodactylum tricornutum is not an isolated sovereign entity impassive to its environment 262 including other organisms. In fact, it is part of a complex ecosystem, which is poorly understood. To 263 B reduce the complexity of a natural system, but nevertheless to gain valuable insights into the dynamics 264 of the bacterial communities associated with diatoms, we investigated here non-axenic cultures of 265 laboratory strains of P. tricornutum. Our results showed the trends of the bacterial community 266 dynamics during the batch growth of the P. tricornutum. 267
To progress towards the goal of creating a synthetic community, an in-depth understanding of the 268 naturally occurring diatom-bacterial interactions, which are predominantly based on a 'biological 269 barter trade system' between diatoms and bacteria -where substances such as trace metals, vitamins, 270 and nutrients (nitrate, phosphate, silicate, carbon) are traded -is necessary. Based on our findings 271 and additional insights from previous studies on diatom-bacterial interactions as well as on existing 272 characterisation of known species from each family, we will postulate the role of the particular 273 bacterial families in the P. tricornutum cultures. From this we will derive a mathematical model with 274 the aim of reproducing the dynamical evolution of the community composition over time. 275
The growth dynamics of P. tricornutum in the two media conditions showed an accelerated 'culture 276 crash' in the complete media compared to the minimal media, which suggests a more stable culture 277 in the minimal media ( Figure 2) . Simultaneously, the dynamics of the bacterial community reveals that 278 the community in the minimal media increases in complexity over time. The link between ecosystem 279 complexity and stability based on theoretical and experimental data has been debated by ecologists 280 for over half a century (MacArthur, 1955; Elton, 1958; Gardner and Ashby, 1970; Pimm, 1984) . Our 281 observations are in agreement with more recent hypotheses indicating that diversity generally 282 increases the stability of an ecosystem (McCann, 2000) . 283
Prospective role of central bacterial families 284
The putative roles of each of the dominant families are illustrated in Pseudomonadaceae when the P. tricornutum culture has 'crashed' could be attributed to its ability to 399 produce antibacterial compounds allowing members of this family to begin to thrive in the community 400 through inhibition of its competitors. Given its exceptional genetic diversity, and thus, its metabolic 401 versatility, allows for members of Pseudomonadaceae to be truly saprophytic; providing a 402 hypothetical explanation of its abundance we could measure when the P. tricornutum cultures crash 403 ( Figure 2 , Day 22 in both media conditions). 404
Mathematical Model 405
We observed that the bacterial community associated with Phaeodactylum tricornutum cultures 406 changed over time, correlating with the growth and subsequent crashing of the diatom cultures. The 407 bioavailability or absence of vitamins, trace metals and silicon, as well as nutrients or bactericidal 408 substances can alter the bacterial community. We built a mathematical model based on simple 409 assumptions extracted from the putative roles we assigned to the dominant bacterial families (see 410 Figure 4 ) and applied them to standard methods for modelling population dynamics. In particular, we 411 introduced growth limitation from nutrients/micronutrients, as well as from bactericidal-induced 412
death. An ordinary differential equation model cannot, of course, capture mechanisms such as 413 metabolic shifts caused by changes in the environment such as the supplementation of minimal or 414 complete media. Therefore, we did not implement a unique set of parameters for the model in the 415 two conditions. The current qualitative model provides an important proof-of-concept to emphasise 416 the validity of our assumptions, and serves as the motivation for further research bringing the model 417 to a quantitative, predictive level. Indeed, mathematical models are powerful tools towards the goal 418 of synthetic community establishment and control, and the model parameters can be experimentally 419 measured to bring predictive power to the simulations. 420
Concluding remarks 421
We postulate that a role within the community can be filled, not by one specific species of bacteria, 422 but rather a number of bacterial species capable of carrying out said role. Which bacteria fill the role 423 is dependent upon the environmental characteristics and the prevailing needs of the community as a 424 whole at any given time. If a niche is unfilled, bacteria with the ideal metabolic functionality will seize 425 the opportunity and thrive within that niche. The absence of certain micronutrients creates a new 426 niche that can be filled by a certain unique bacterial faction. 427 The complete protocol containing all processing steps is available on https://github.com/QTB-HHU. 490
Modelling approach 491
Population dynamics models have been developed since quite some time (Verhulst, 1838; Lotka, 1925; 492 Volterra, 1926) spanning the broad fields of ecology, epidemiology and economics. Starting from our 493 understanding of the organism-to-organism interactions, we developed a dynamic model consisting 494 of 13 ordinary differential equations and including 56 (55 free) parameters. The parameters are fitted 495 using a genetic algorithm (Mitchell, 1996) which is run in different steps to optimise the fit of P. media. B in minimal media. We show no dynamical difference within the genera that cannot be 763 observed at the family level. Encircled in red, there are a greater number of OTUs that could not be 764 assigned a taxonomy ('unknowns') at the genera level than at the family level. By investigating the 765 bacterial community dynamics at the family level, we also include taxonomical information that is 766 unavailable at the genus level. 767 Table S1 . 16S V6 rRNA primer sequences. 'Max' is the complete media. 'Min' is the minimal media. 'A', 'B', and 'C' are the three replicates. 5. for the DOC A and COP metabolites we introduce the hypothesis that, in the event of micronutrient scarcicity, the diatom D will secrete more organic carbons favorited by those bacteria (A in our case) able to provide the needed micronutrients (Fe and Vit in our model);
Despite its simplicity and the minimal amount of assumptions made to build it, this model has 55 unknown free parameters (5 carrying capacities CC, 34 maximal rates v, 15 "Michaelis-Menten like" constants K, the fraction of DOC A -dependent growth DOC A ).
Equations
Five ODEs describe the variation in time of the populations of organism O, with γ O and δ O being its growth and death rate:
Eight ODEs describe the variation in time of the metabolites J, with v prod/cons(O) J being the maximal production/consumption rate of J by organism O: 
In the case of A, where growth is thought to be sustained by two different complementary nutrients, the final growth γ can be represented as the sum of two terms γ A DOC A and γ A DOM (Equations 21 and 22) , with the parameter 0 < DOC A < 1.
DOC A and COP production
When D is grown in minimal media conditions, the emergence of A is observed over F . From this observation we hypothesise that D can produce extra organic carbons for either A or F depending on the scarcicity of micronutrients to favor the growth of A if more Vit or Fe is needed. We model the production of DOC A and COP (Equations 9 and 10) introducing the functions φ and ψ defined as:
where v D DOC A COP is the maximal additional production rate and 0 < ξ < 1 depends on Vit and Fe with fourth order Hill equations terms parametrised with K D Vit and K D Fe (see Figure 1 ). 2 Parameters choice
The model has 56 parameters, of which 55 are free parameters (see Table 1 ). Being a qualitative model, we do not aim at interpreting the absolute parameter values in a biological sense. We can however draw considerations from relative values and stability tests.
Parameter sub-set P(D) P(P A) P(A) P(F ) P(P ) degradation Sub-set size 15 9 14 8 8 2 Table 1 : Total number of parameters for each parameter set. The dependent parameter is DOM = 1 − DOC A in the sub-set of A parameters P(A).
Parameter fitting
The available data that can be used to fit the model parameters are the diatom biomass growth in two media conditions and four time points with bacteria relative abundances again in two media conditions. We can therefore fit the diatom biomass D evolution and the four relative bacteria i abundances B i / j B j time-course. We implement as general strategy a genetic algorithm, where an "individual" i is a full set of 56 parameters P i , a "population" is an ensemble of parameter sets {P i }, a population at a certain evolution step is a "generation" and "evolution" goes as:
1. the first generation {P i } 0 is populated by extracting the parameters from random uniform distributions within user-chosen ranges;
2. for each P i the ODE system is solved and a fitness score (see Section 2.1.1) is computed;
3. the most fit 10% individuals are retained as parents for the next generation;
4. the remaining individuals have a probability P = 0.05 to be also selected as parents;
5. parents are crossed to obtain enough children to reach the original population size;
6. crossing means randomly pick a parameter sub-set from one parent or the other; 7. each children has a probability P = 0.3 to randomly mutate one parameter;
8. the process is repeated from step 2. until generation {P i } Gmax .
Fitness score
Fitness scores are computed in a different way when fitting the diatom growth or the bacteria relative abundances. When fitting to the diatom biomass data we compute the score as a simple euclidean distance:
where the sum over time extends over 22 time points, x t is the D biomass at time t and X t is the biomass data at time t. The lower s, the better the fit. This score definition works well to fit the measurements of diatom biomass, but presents a big problem when used with bacteria relative abundances. A relative abundance is a number between 0 and 1, and we observe high variations including bacteria population going from very close to 0 to high abundance. Having only three time points to fit (the first 16S measurement is used as initial point), it can happen that constantly low abundant population are kept by the algorithm. We therefore define for the fit of bacteria relative abundances the following score:
where the sum over time extends over 3 time points and the sum over organisms over the 4 bacterial species, r ot is the relative abundance from the ODEs system solution for organism o at time t and R ot is it the corresponding experimental relative abundance. This score definition allows to penalize the event of population extinction: when r is 0, the exponential term is 0 and the score is 1, while when r = R the exponential term is 1 and the score is 0 (see Figure ?? ). Table 2 : Datasets used to fit diatom growth in minimal and complete media (MM and CM respectively). Time is scaled (1/3 of a day) to fit reasonably the growth phases (lag-log-exp-decay) using parameters O(1). For the same reason cell counts are scaled to bring the lower count close to 0, but not feature-scaled to avoid loosing information on differences among MM and CM conditions. Only average values, and not experimental errors, are taken into account. 15 and 22) . The abundances were scaled from the experimental values (where more families were present) to add to unity.
Complete Media
Results of the genetic algorithm
The chosen population size is 200 and the algorithm stops either after non significant increase in fitness or at generation number 50. The algorithm can be run to fit six scenarios: For D-type fits, the fitness score of Eq. 29 is used. For B-type fits, the fitness score of Eq. 30 is used. For D*B-type fits, the fitness score is the product of the two scores. We will refer to D-fit, B-fit and D*B-fit in the following if media is not to be specified. Considering the fact that a simple ODE model cannot capture metabolic readjustment, we do not expect to obtain the same parameters for CM and MM conditions. The fitting is therefore performed separately in the two conditions and in the following steps:
1. B-fit is run 20 times varying all 55 parameters in O(1) ranges 2. The parameters from the best B-fits are kept (P M M 1 and P CM 1 ) 3. After checking the effect of varying the different parameters sets (see Figure 2 and Section ??), different variation ranges are chosen to perform refits 4. D*B-CM is run 5 times varying P(D, deg) CM 1 ± 50%, P(A, F, P ) CM 1 ± 20%, P(P A) CM 1 ± 10% 5. D*B-MM is run 5 times varying P M M 1 ± 50%, and the best parameters are kept (P M M 2 ) 6. D*B-MM is run again 5 times varying P(D) M M 2 ± 5%, P(A, F, P, P A, deg) M M 2 ± 80% Stability analysis (see Figure 2 and Section ??) shows that the only parameters from other sub-sets influencing the biomass growth curve in CM are δ A , v cons(A) DOC A and v prod(A) Fe , but we ignore them for these first iterations. , are varied by ±10% (a, b, c respectively) and by ±50% (d, e, f respectively).
